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Abstract  
 A machine-learning model has been trained to discover Heusler compounds, which are 
intermetallics exhibiting diverse physical properties attractive for applications in thermoelectric 
and spintronic materials.  Improving these properties requires knowledge of crystal structures, 
which occur in three subtle variations (Heusler, inverse Heusler, and CsCl-type structures) that 
are difficult, and at times impossible, to distinguish by diffraction techniques.  Compared to 
alternative approaches, this Heusler discovery engine performs exceptionally well, making fast 
and reliable predictions of the occurrence of Heusler vs non-Heusler compounds for an arbitrary 
combination of elements with no structural input on over 400,000 candidates.  The model has a 
true positive rate of 0.94 (and false positive rate of 0.01).  It is also valuable for data sanitizing, 
by flagging questionable entries in crystallographic databases.  It was applied to screen 
candidates with the formula AB2C and predict the existence of 12 novel gallides MRu2Ga and 
RuM2Ga (M = Ti–Co) as Heusler compounds, which were confirmed experimentally.  One 
member, TiRu2Ga, exhibited diagnostic superstructure peaks that confirm the adoption of an 
ordered Heusler as opposed to a disordered CsCl-type structure. 
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1. Introduction 
 Heusler compounds form a large class of intermetallics that exhibit versatile properties.  
The first compound, Cu2MnAl, was discovered in 1898 by Friedrich (“Fritz”) Heusler, a German 
mining engineer, and attracted attention – before its structure or composition was understood – 
because it is ferromagnetic even though it is formed from metals that are nonferromagnetic.1,2  
There seem to be simple rules for relating the electron count to the physical properties,3 
permitting the prediction of half-metallic ferromagnets,4 ferrimagnets,5 semiconductors,6 and 
superconductors.7,8  Given their tunable semiconducting properties (made possible by adjusting 
the chemical composition to attain a desired electron count so that the band gap varies from 0 to 
a few eV),3 these compounds are currently being heavily investigated for sustainable 
technologies such as solar energy and thermoelectric conversion.9,10  Exciting new applications 
for Heusler compounds include spintronics,11,12 superconductivity,7,8 magnetocalorics,13 and 
topological insulators.14  Thus, these compounds are advancing the frontiers of science and 
providing solutions to materials engineering challenges in the future. 
 To gauge interest in this area, a plot of Heusler compounds reported structurally (culled 
from Pearson’s Database15) shows a peak in the 1980’s, when magnetic properties were 
examined, followed by a recent renaissance, when exotic properties were discovered (Figure 1).  
In Heusler’s time, these compounds were thought to be solid solutions adopting the structure of 
one of the metal components.2  More than 20 years passed before the first crystal structure was 
elucidated,16 and many years still before an appreciation of the subtleties was attained.  There are 
two families of Heusler compounds: half-Heusler compounds ABC, and (full-)Heusler 
compounds AB2C.  The components are metals, where typically A is a large electropositive 
metal, B is a transition metal, and C is an electronegative metal (usually a p-block metalloid).  
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We focus our attention on the latter, referred to simply as Heusler compounds.  The Heusler 
structure (also called Cu2MnAl-type) is a superstructure of the CsCl-type (Figure 2).  In AB2C, 
the B atoms form a primitive cubic sublattice; the A and C atoms are arranged in a disordered 
fashion within body centres in the CsCl-type but in an ordered fashion in the Heusler structure.  
The CsCl-type structure contains two sites within a primitive cubic lattice (space group Pm
 
3 m) 
whereas the Heusler structure contains three sites within a face-centered cubic lattice (space 
group Fm
 
3 m).  There is a complication: inverse Heusler compounds A2BC are formed with the 
content of A doubled and that of B halved relative to the normal Heusler compounds AB2C.  The 
inverse Heusler structure (called Hg2CuTi- or Li2AgSb-type) consists of four sites within a face-
centered cubic lattice and has lower symmetry (space group F
 
4 3m).  Many other variants of 
these basic structures are possible, involving distortions, split positions, and more complex 
ordering, which entice chemists and physicists to frolic in this rich playground of compounds. 
 Like golf, these structures are deceptively simple and endlessly complicated.17  Indeed, 
their very simplicity makes it difficult to detect the subtle differences.  For example, LiAg2Al 
was reported as an inverse Heusler compound,18 but the simulated powder X-ray diffraction 
(XRD) patterns for LiAg2Al in CsCl-type, Heusler, and inverse Heusler structures are nearly 
identical (Figure 2).  The presence of weak superstructure peaks (111, 311, 331), barely 
observable except perhaps with synchrotron radiation XRD, distinguishes CsCl-type from 
Heusler or inverse Heusler structures.  In turn, Heusler and inverse Heusler structures have 
identical sets of peaks differing almost imperceptibly in intensities, or for LiAg2Al, these 
intensities are numerically identical.  It is difficult to measure powder XRD patterns accurately, 
given that uncertainties in the intensities (e.g., arising from preferred orientation, severe 
absorption, or detector noise) can exceed the difference needed to distinguish these structures.  
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Sometimes, assumptions are made about the structure but they may not be correct (as is the case 
for LiAg2Al, discussed later).  A more accurate method is single-crystal XRD, but out of 1415 
reports of Heusler compounds, only 31 (or 2%) have been characterized this way.  Even single-
crystal XRD is not infallible, because very weak intensities may still be hard to detect.  
Determining the correct structures of these compounds is vitally important to improving their 
performance in materials applications, because subtle structural differences can greatly influence 
their physical properties. 
 Given this difficulty in structure determination, prior work has exploited first-principles 
quantum mechanical calculations, in which the structural preference is dictated by small 
energetic differences;12 this could be viewed as a “brute force” approach to addressing the 
problem.  For some categories of Heusler compounds, simple and chemically intuitive rules have 
been developed that relate electron count to their structures and properties,3 but these rules are 
not necessarily applicable to the whole set of compounds.  Here, we propose to apply data-
mining and machine-learning techniques with these aims:  (1) assign the correct structure of 
Heusler vs. inverse Heusler compounds for some arbitrary combination of elements, (2) predict 
the existence of new Heusler compounds, and (3) evaluate the reliability of structure assignments 
for the entire set of compounds AB2C reported in crystallographic databases (“data sanitizing”).  
Importantly, we also test these predictions through experimental methods (synthesis and 
structure determination).  In general, predicting what structure will form for a given combination 
of elements is one of the “grand challenges” of chemistry.19  This goal has broader implications 
for advancing materials science, because compounds with specific properties can be discovered 
more quickly without having to explore vast reaches of chemical space. 
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2. Experimental Section 
 2.1. Structure Prediction.  The Heusler prediction engine was built using a materials 
informatics approach from three integral components:  training data, chemical descriptors, and a 
machine-learning algorithm.  The key idea behind materials informatics is that, given enough 
examples (training data) and informative numerical representation of the materials (descriptors), 
a machine-learning algorithm can determine patterns to predict how unseen examples will 
behave.  Careful development and selection of all three parts are necessary to create a useful 
predictive engine. 
 Training data can be characterized by their quality and quantity.  A sufficient quantity is 
required to be able to statistically detect a pattern:  more complex patterns demand more 
examples.  High quality data are also crucial, because errors create extra noise that can obscure 
underlying patterns.  The training data used in this engine are a compilation of experimentally 
confirmed structures for compounds with a formula of AB2C.  Crystallographic data for all such 
compounds were extracted from Pearson’s Crystal Data15 and the ASM Alloy Phase Diagram 
Database,20 with the following criteria imposed for the input set of compounds used in the 
structure predictor:  (i) the phases do not contain hydrogen, noble gases, and elements with Z > 
83 (radioactive and actinide elements), and (ii) the phases exhibit exact 1:2:1 stoichiometry, 
contain 3 components, and are thermodynamically stable.  A total of 1948 compounds 
crystallizing in 208 unique structure types were found to satisfy these criteria and were 
confirmed to exist experimentally under ambient temperatures and pressures.  The input file 
contained information about the composition and structure type of these compounds.  Out of 
these, the most populous are Heusler compounds (341 entries, or 18%) and the second most 
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populous are NaFeO2-type compounds (255 entries, or 13%).  There are 94 compounds each 
having only one reported entry, meaning that they crystallize in their own unique structure types. 
 Once a training set is compiled, the next challenge is to represent these examples in a 
machine-understandable way.  Typically, descriptors are properties of a material that can be used 
to compare one compound to another, such as crystal structure or average atomic mass.  
Choosing a good set of descriptors is an essential part of materials informatics.  The relationship 
between descriptor choice and model quality,21 compounded with the lack of a standard 
representation, has led to a growing body of literature emphasizing the importance of 
descriptors.22,23  Moreover, materials datasets tend to be much smaller than traditional machine-
learning datasets, which makes complex patterns harder to detect with a suboptimal collection of 
descriptors.  Descriptors allow for integration of chemical knowledge to help the model by 
describing materials in dimensions where patterns are likely to be found, so that the patterns can 
be detected with fewer data.  Careful choice of a descriptor set takes advantage of prior 
knowledge to identify where the pattern is, allowing the algorithm to then determine what the 
pattern is.  For example, because atomic size is known to be an important factor in determining 
chemical structure, descriptors such as the difference in atomic radii are included to capture this 
information for the model in the structure predictor.  Table 1 lists the 22 descriptors and their 
weights used in the machine-learning model. 
 Finally comes the choice of machine-learning algorithm.  Although many algorithms are 
possible, we have chosen the random forest algorithm24 because it has been successfully applied 
to materials informatics and requires no external validation step.25,26  This algorithm is an 
example of an ensemble method, which trains multiple predictors and combines their results to 
make a single final prediction.  In the case of random forest, each of these sub-predictors is a 
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decision tree trained on a fraction of the training data, where the possible descriptors for each 
branch point is a random subset of the descriptor list.  An example of one such decision tree is 
illustrated in Figure 3.  The decision tree structure is able to capture complex interactions 
between descriptors.  By averaging over the predictions of an ensemble of these decision trees, 
the random forest algorithm incorporates the different trends found by each tree, resulting in a 
complex and robust model.  We use the standard k-fold cross-validation technique to characterize 
the performance of the models.  This technique evaluates the model on examples that were 
unseen during training in order to accurately gauge model performance.  To perform k-fold 
cross-validation, the data are randomly split into k equal segments, called folds, such that each 
has approximately the same proportion of Heusler and non-Heusler compounds.  For each of 
these folds, a model is trained on all data except the selected fold.  Predictions are made for the 
data in the fold that were not included in the model training.  The predictions are then compared 
to the known values for those examples. 
 2.2. Synthesis and Structural Characterization.  From the recommendations offered 
above, the most promising Heusler compositions were identified for experimental validation.  
However, candidates involving substitution of similar elements were excluded to apply a fair test 
of the model (e.g., if FeB2C and NiB2C are known Heusler compounds, the unknown but 
chemically obvious compound CoB2C containing the intervening transition metal was not 
considered).  The ternary gallides MRu2Ga and RuM2Ga (where M is a first-row transition 
metal) were targeted for synthesis because their probability of forming Heusler compounds is 
predicted to be high, their existence cannot be extrapolated simply through periodic trends from 
previously known compounds, and they are dissimilar to previous M–M′–Ga phases which 
mostly contain first-row transition metals for both M and M′ components.  These gallides were 
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also chosen because they are predicted by a thermoelectrics recommendation engine27 (using a 
similar algorithm as the one presented here) to exhibit low thermal conductivity, a property that 
has been associated with half-Heusler but not Heusler compounds.  For example, this 
thermoelectrics engine predicts that TiRu2Ga, if it formed, would have a high probability of 
exhibiting a thermal conductivity κ of less than 10 W m-1 K-1.  Conversely, to test for false 
negative predictions, the series LaM2Ga (where M is again a first-row transition metal) was also 
targeted for synthesis because their probability of forming Heusler compounds is predicted to be 
low. 
 Mixtures of Ru powder (99.95%, Alfa-Aesar) or La pieces (99.9%, Hefa), powders of 
various first-row transition metals M (Ti to Ni, >99.5%, Alfa-Aesar or Cerac), and Ga pieces 
(99.95%, Alfa-Aesar) were combined in ratios according to the formulas indicated above with a 
total mass of 0.2 g, pressed into pellets, and melted on a copper hearth under argon atmosphere 
in an Edmund Bühler MAM-1 arc melter.  The ingots were placed in fused-silica tubes, which 
were evacuated and sealed.  Annealing was done in one step at 800 °C, followed by quenching in 
cold water.  The samples were ground to powders and examined by powder XRD on an Inel 
diffractometer equipped with a Cu Kα1 radiation source and a curved position-sensitive detector. 
 Single crystals of TiRu2Ga were selected and confirmed by energy-dispersive X-ray 
(EDX) analysis, performed on a JEOL JSM-6010LA scanning electron microscope, to have a 
composition (Ti24(2)Ru49(3)Ga27(3)) in good agreement with the formula of a Heusler compound.  
Single-crystal diffraction data were collected at room temperature on a Bruker PLATFORM 
diffractometer equipped with a SMART APEX II CCD area detector and a graphite-
monochromated Mo Kα radiation source, using ω scans at 8 different φ angles with a frame 
width of 0.3° and an exposure time of 15 s per frame.  The structure was solved and refined with 
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use of the SHELXTL (version 6.12) program package.28  Face-indexed absorption corrections 
were applied.  The cubic space group Fm
 
3 m was chosen on the basis of Laue symmetry, 
intensity statistics, and systematic absences. 
 
3. Results and Discussion 
 Predicting the existence and structure of unknown compounds is an ongoing challenge in 
chemistry.  At one extreme, semiclassical approaches assume that the structure depends on 
chemical concepts like atomic size and electron count, which are used to create structure 
maps;29–31 although intuitively appealing, there is a risk that the choice of parameters is biased or 
too simple.  At another extreme, first-principles quantum mechanical calculations are performed 
to determine the total energies of alternative structures;32,33 however, the gain in accuracy is 
offset by a loss in easy understanding through general chemical concepts and by a need for 
powerful computational resources.  Intermediate approaches such as principal component 
analysis and machine-learning methods are now being applied to this general problem.34,35 
 3.1. Assignment of Heusler, Inverse Heusler, and Non-Heusler Compounds.  We 
have constructed a prediction engine that suggests the structure of compounds AB2C by 
exploiting a random forest algorithm.  The distinguishing feature of our approach is that the 
prediction is made from the descriptors based on the composition alone.  The model required 
less than 1 minute to train the dataset, and about 45 minutes to make the full set of predictions on 
over 400,000 candidates, viz. <0.01 s per compound.  The candidates with the highest and lowest 
probability of forming Heusler compounds are listed (Tables S1 and S2 in Supplementary 
Information).  We performed 20-fold cross-validations for this model, and the distribution of 
probability values (color-coded by the actual class) is shown in Figure 4.  The procedure was 
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repeated with 10-fold cross-validation, and the results were unchanged (Figure S1(a) in 
Supplementary Information). The model is exceptionally successful in making correct 
predictions, giving high probabilities for candidates observed to be Heusler compounds 
experimentally, and low probabilities for those that are not; it is even able to correctly predict 
inverse Heusler compounds to be non-Heusler compounds. 
 Analyzing the descriptors (variables) that were most effective in separating Heusler 
structures from others in the prediction engine yields interesting insight (Table 1).  The most 
important such descriptors, as quantified by their weights as described in the model, are the 
position of element B (in the formula AB2C) in the periodic table, the total number of electrons 
(and especially number of p-electrons), and the difference in atomic sizes for the A and B 
components.  Because the electron configuration of element B is given by its group number or 
position in the periodic table, the first two descriptors essentially correspond to electron count, 
which is known to strongly influence the energetic preference for Heusler compounds3 and their 
various physical properties (magnetism,4,5 superconductivity,7,8 topological insulator 
behaviour14), depending on the combination of elements.  A size factor, given by the third 
descriptor, dictates formation of Heusler vs inverse Heusler structures, in which the occupations 
of A and B atoms are partly interchanged.  (As noted earlier, Heusler and inverse Heusler 
structures are not easy to distinguish experimentally from their powder XRD patterns.)  
However, it would be misleading to conclude that these are the only important factors.  The 
whole point of the machine-learning algorithm is to capture complex, nonlinear relationships that 
cannot be reduced to a small number of factors influencing the formation of Heusler compounds 
(inherent in semiclassical approaches), while not having to expend costly computational effort 
(inherent in first-principles quantum calculations).  Specifically, Heusler compounds often 
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contain d- and f-block elements that can be tricky to model with density functional theory.  Even 
though the other descriptors have lower weights individually, their combined weights exceed that 
of the first three descriptors.  An appropriately weighted combination of all these descriptors 
leads to a much better discrimination of Heusler vs non-Heusler compounds than would be 
possible from the simpler models prevalent in the literature, such as one based solely on the 
valence electron count for which the probability values of forming Heusler compounds tend to 
cluster near 0.50 (Figure S1(a) in Supplementary Information).  The accuracy of the machine-
learning model with the full set of descriptors is also greatly improved over that of the model 
based on electron count, as seen in the receiver operating characteristic (ROC) curves (Figure 
S1(b) in Supplementary Information).  The full-feature model has a true positive rate of 0.94 
(and false positive rate of 0.01), in contrast to the one-descriptor model, which has a true positive 
rate of 0.49 (and false positive rate of 0.07). 
 The Heusler prediction engine offers several key advantages compared to the previous 
approaches:  (1) it is fast, giving predictions with fractions of a second; (2) it requires no 
structural information, the very thing that needs to be predicted; (3) it uses only descriptors based 
on elemental properties (or combinations thereof), which are well tabulated in the literature; and 
(4) it evaluates quantitative probabilities for the formation of a hypothetical compound.  With 
this tool, experimentalists can exploit machine-learning guidance to complement their chemical 
intuition in designing compounds.  In this way, they can accelerate the search for new materials, 
they can reduce the risks when the syntheses are difficult, costly, or dangerous to perform, and 
they can get new ideas to “think outside the box.” 
 3.2. Prediction of New Heusler Compounds.  For experimental validation, several 
compounds were selected belonging to two series of unknown gallides MRu2Ga and RuM2Ga 
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(M = Ti–Ni), which have probabilities of >50% of being Heusler compounds according to the 
machine-learning model, including both positive and some non-obvious positive predictions 
(Figure 5).  In contrast, a model based on valence electron count predicts that these gallides have 
probabilities of <60% of being Heusler compounds, except for CoRu2Ga, which has a good 
chance (probability of 92%) of success; three of these – RuTi2Ga, RuV2Ga, and RuCr2Ga – have 
zero probabilities of forming Heusler compounds (Table S3 in Supplementary Information).  
This stark difference in predicted outcomes provides a good test of the machine-learning model 
vis-à-vis conventional heuristic models. 
 As vindication for the value of the machine-learning model, arc-melting and annealing 
reactions (at 800 °C) led to the successful preparation of all members of MRu2Ga and RuM2Ga 
(except for M = Ni) with Heusler structures, as confirmed by powder XRD (Figure 6 and Table 
S4 in Supplementary Information) on all samples and single-crystal XRD on TiRu2Ga as a 
representative member (Table S5 in Supplementary Information).  The phase analysis is 
complicated by severe X-ray absorption caused by the presence of the large proportion of heavy 
elements.  Heusler compounds AB2C (where A and C atoms are ordered) can be misidentified as 
CsCl-type (where A and C atoms are disordered), or vice versa.  Sometimes, it is possible to 
apply the rule that if two binary alloys AB and BC exist with CsCl-type structures, then they can 
form an ordered Heusler compound AB2C.   The occurrence of weak superstructure peaks, 
observed in both powder and single-crystal XRD (Figures S2–S3 in Supplementary Information), 
provides definitive evidence that these gallides adopt an ordered Heusler rather than a disordered 
CsCl-type structure.  SEM/EDX analysis reveals that the compositions agree well with the 
formula of a Heusler compound and that the crystallites are chemically homogeneous (Figure S4 
in Supporting Information).  The two Ni-containing members (NiRu2Ga, RuNi2Ga) were not 
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confirmed experimentally, but neither could the powder XRD patterns of these samples be 
assigned to any existing phase.  In fact, Ni-containing intermetallic systems are often anomalous 
in that they exhibit a much richer variety of phases with diverse compositions,36,37 not captured 
within the purview of this prediction engine.  It is possible that under the synthetic conditions 
used, which were not optimized, equilibria were at play involving formation of neighbouring 
phases with compositions close to the Heusler structure. 
 Experimental validation for negative predictions is also important, to ensure that the 
prediction engine does not give false negative results.  To test for these, compounds belonging to 
a third series LaM2Ga (M = Ti–Ni) were selected, which have probabilities of <20% of being 
Heusler compounds based on the machine-learning model (Figure 5).  (For comparison, the 
valence electron count model also indicates that these compounds have low probabilities, <40%, 
of being Heusler compounds, except for LaCo2Ga, with a probability of 57% (Table S3 in 
Supplementary Information)).  The reactions attempted did not lead to formation of any ternary 
compounds, but rather to binary phases (LaGa, La5Ga3, LaGa2, and elemental M).  Indeed, as 
post hoc rationalization, inspection of the few phase diagrams experimentally investigated here 
(La–V–Ga,38 La–Mn–Ga,39 La–Fe–Ga40) reveals no ternary phases in these systems. 
 3.3. Data Sanitizing.  Structural confirmation of Heusler compounds is exceedingly 
tricky, as illustrated earlier by the nearly identical powder XRD patterns of the CsCl-type, 
Heusler, and inverse Heusler structures (Figure 2), and rarely performed by single-crystal 
diffraction.  Thus, there are often uncertain or even incorrect assignments when structural 
investigation is deficient or absent.  This could pose problems if conclusions about materials 
properties are made based on erroneous assumptions.  The Heusler prediction engine can be 
 15 
applied to identify suggest correct structural assignments of existing compounds reported in the 
literature and in databases. 
 Heusler AB2C and inverse Heusler compounds A2BC have the same overall composition 
(1:2:1).  In databases,15 LiAg2Al was listed as an inverse Heusler compound on the basis of 
powder XRD,18 but this assignment is suspect because the prediction engine suggests that it 
should be a Heusler compound at an 85% probability (the anomalously high entry in Figure 4b).  
The experimental ambiguity is understandable because, as discussed earlier, the simulated 
powder XRD patterns for LiAg2Al are fortuitously identical for Heusler and inverse Heusler 
structures (Figure 2).  There is also a generalization that Heusler structures AB2C tend to contain 
a transition metal as the B component, whereas inverse Heusler structures A2BC tend to contain a 
large electropositive metal as the A component.  Given that Ag is a transition metal and Li is not 
a large or strongly electropositive metal atom, the assignment of LiAg2Al as a Heusler 
compound is more chemically sensible.  We have attempted DFT calculations to ascertain which 
of these two alternative structures is more stable, but the energy differences are too small to be 
conclusive; in any case, experimental evidence is more conclusive. 
 In addition to identifying potential false positives as in the case of LiAg2Al above, 
inspection of the probability distributions also reveals several potential false negatives (the 
anomalously low entries in Figure 4a); i.e., compounds that are predicted to be non-Heusler, but 
have been reported in the literature as Heusler compounds.  Most of these compounds are Li-rich 
intermetallics (Li2IrSn, Li2AgSn, Li2PdGe, Li2CuSn, Li2PdPb, Li2CoSb), with probabilities 
ranging from 3 to 26% of being Heusler compounds.  It is no accident that all these problematic 
examples contain Li, which is difficult to detect using X-ray diffraction methods because of its 
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poor scattering ability.  Although beyond the scope of this paper, further structural investigation 
of these compounds, perhaps by neutron diffraction, would be worthwhile. 
 
4. Conclusions 
 A machine-learning prediction engine exploiting a random forest algorithm was applied 
to evaluate the probabilities at which compounds with the formula AB2C will adopt Heusler 
structures, from descriptors based on the composition alone.  This approach was exceptionally 
successful in distinguishing between Heusler and non-Heusler compounds, including the 
prediction of heretofore unknown compounds and flagging erroneously assigned entries in the 
literature and in crystallographic databases.  Compared to approaches which were limited in 
scope (semiclassical) or computationally demanding (quantum calculations), the Heusler 
predictor is fast (<0.01 s per compound), requires no structural input, uses descriptors based on 
elemental properties, and evaluates quantitative probabilities.  Novel predicted candidates 
MRu2Ga and RuM2Ga (M = Ti–Co) were synthesized and confirmed to be Heusler compounds.  
Because these compounds may also be good candidates for thermoelectric materials,23 it will be 
worthwhile to optimize the synthesis of these compounds so their physical properties can be 
measured.  Preliminary measurements suggest that TiRu2Ga exhibits low thermal conductivity 
but this requires further confirmation.  The results have significant broader impact in accelerating 
the search for not only Heusler compounds (which have diverse applications for sustainable 
energy, among many), but also materials candidates for other applications, by offering ideas 
“outside the box.” 
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Table 1.  Descriptors Used in Machine-Learning Model for Heusler Compounds 
descriptor weight 
1. Group number of element B 0.1718 
2. Total number of p valence electrons 0.1568 
3. Radius difference A/B 0.0959 
4. Electronegativity value of element B 0.0543 
5. Group number of element A 0.0536 
6. Group number of element C 0.0466 
7. Radius difference A/C 0.0465 
8. Radius value of element C 0.0361 
9. Molar mass value of element C 0.0353 
10. Radius difference B/C 0.0343 
11. Total number of d valence electrons 0.0317 
12. Molar mass value of element B 0.0284 
13. Electronegativity value of element A 0.0284 
14. Electronegativity value of element C 0.0281 
15. Radius value of element B 0.0266 
16. Total number of s valence electrons 0.0251 
17. Total number of valence electrons 0.0243 
18. Molar mass value of element C 0.0195 
19. Period number of element A 0.0179 
20. Radius value of element C 0.0175 
21. Period number of element B 0.0119 
22. Period number of element C 0.0092 
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Figure Captions 
Figure 1. Number of structural reports of Heusler compounds found in Pearson’s Database 
(Release 2015/2016) per year.15 
Figure 2. Simulated powder XRD patterns for LiAg2Al in (a) CsCl-type, (b) Heusler 
(Cu2MnAl-type), and (c) inverse Heusler (Hg2CuTi- or Li2AgSb-type) structures.  
The difference plot between the XRD patterns for CsCl-type and Heusler structures is 
shown in red at the bottom.  Note that the patterns for Heusler and inverse Heusler 
structures have the same sets of peaks differing only slightly in intensities (here, for 
LiAg2Al, the intensities are identical). 
Figure 3. Schematic representation of a single decision tree, with a fraction of descriptors 
applied to a fraction of data, for prediction of Heusler structure in a candidate AB2C. 
Figure 4. Distribution of probabilities for forming Heusler compounds evaluated in the 
validation process of the Heusler prediction engine for (a) Heusler vs. non-Heusler 
structures and (b) inverse Heusler structures, as assigned in crystallographic databases 
and literature.  The machine-learning model used here clearly discriminates between 
Heusler and other structures. 
Figure 5. Machine-learning-predicted probability of forming Heusler compounds for three 
series of gallides, and experimental confirmation through arc-melting and annealing 
at 800 °C (check marks indicate successful preparation of Heusler compound, and 
crosses indicate absence of Heusler compound). 
Figure 6. Powder XRD patterns for (a) MRu2Ga and (b) RuM2Ga (M = Ti–Co) series with 
Heusler structures.  Red asterisks indicate small amounts of secondary phases 
(typically Ru and binary gallides). 
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Figure 1.  Number of structural reports of Heusler compounds found in Pearson’s Database 
(Release 2015/2016) per year.15 
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Figure 2.  Simulated powder XRD patterns for LiAg2Al in (a) CsCl-type, (b) Heusler 
(Cu2MnAl-type), and (c) inverse Heusler (Hg2CuTi- or Li2AgSb-type) structures.  The 
difference plot between the XRD patterns for CsCl-type and Heusler structures is shown in red at 
the bottom.  Note that the patterns for Heusler and inverse Heusler structures have the same sets 
of peaks differing only slightly in intensities (here, for LiAg2Al, the intensities are identical). 
(a) 
(b) 
(c) 
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Figure 3.  Schematic representation of a single decision tree, with a fraction of descriptors 
applied to a fraction of data, for prediction of Heusler structure in a candidate AB2C. 
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Figure 4.  Distribution of probabilities for forming Heusler compounds evaluated in the 
validation process of the Heusler prediction engine for (a) Heusler vs. non-Heusler structures and 
(b) inverse Heusler structures, as assigned in crystallographic databases and literature.  The 
machine-learning model used here clearly discriminates between Heusler and other structures. 
(a) 
(b) 
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Figure 5.  Machine-learning-predicted probability of forming Heusler compounds for three 
series of gallides, and experimental confirmation through arc-melting and annealing at 800 °C 
(check marks indicate successful preparation of Heusler compound, and crosses indicate absence 
of Heusler compound). 
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Figure 6.  Powder XRD patterns for (a) MRu2Ga and (b) RuM2Ga (M = Ti–Co) series with 
Heusler structures.  Red asterisks indicate small amounts of secondary phases (typically Ru and 
binary gallides). 
 
(a) (b) 
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Supporting Information.  Machine-learning-predicted probabilities for the most likely Heusler 
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and SEM/EDX analysis for TiRu2Ga. 
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Table S1.  Phases Present in Samples MRu2Ga and RuM2Ga (M = Ti–Co) Identified by Powder XRD 
loading composition phases loading composition phases 
TiRu2Ga TiRu2Ga (95%), Ru (5%) a RuTi2Ga RuTi2Ga (73%), Ti5Ga3 (27%) 
VRu2Ga VRu2Ga (97%), Ru (3%) a RuV2Ga RuV2Ga (48%), V3Ga (43%), 
RuGa2 (9%) 
CrRu2Ga CrRu2Ga (96%), Ru (4%) a RuCr2Ga RuCr2Ga (79%), RuGa2 (21%) 
MnRu2Ga MnRu2Ga (96%), Ru (4%) a RuMn2Ga RuMn2Ga (100%) b 
FeRu2Ga FeRu2Ga (87%), Ru (13%) a RuFe2Ga RuFe2Ga (100%) 
CoRu2Ga CoRu2Ga (67%), Ru (33%) a RuCo2Ga RuCo2Ga (62%), Ru (38%) a 
 a Elemental ruthenium forms a solid solution with other transition metals up to 50 at. % (e.g., Ru0.5Co0.5 
with the same structure as Ru). 
 b One unidentified peak suggests trace amount of unknown phase. 
Table S2.  Crystallographic Data for TiRu2Ga 
Data collection and refinement  
formula TiRu2Ga 
fw (amu) 319.76 
space group Fm
 
3 m (No. 225) 
a (Å) 6.0736(14) 
V (Å3) 224.05(9) 
Z 4 
ρcalcd (g cm–3) 9.480 
T (K) 296(2) 
crystal dimensions (mm) 0.05 × 0.05 × 0.04 
radiation graphite monochromated Mo Kα, λ = 0.71073 Å 
µ(Mo Kα) (mm–1) 28.101 
transmission factors 0.348–0.498 
2θ limits 13.44–66.11° 
data collected –8 ≤ h ≤ 8, –8 ≤ k ≤ 8, –8 ≤ l ≤ 8 
no. of data collected 846 
no. of unique data, including Fo2 < 0 22 (Rint = 0.0202) 
no. of unique data, with Fo2 > 2σ(Fo2) 22 
no. of variables 5 
R(F) for Fo2 > 2σ(Fo2) a 0.0086 
Rw(Fo2) b 0.0202 
goodness of fit 1.054 
(∆ρ)max, (∆ρ)min (e Å–3) 0.369, –0.478 
Positional and displacement parameters c  
Ti at 4a (0, 0, 0)  
 Ueq (Å2) c 0.01(2) 
Ru at 8c (1/4, 1/4, 1/4)  
 Ueq (Å2) c 0.0077(4) 
Ga at 4b (1/2, 1/2, 1/2)  
 Ueq (Å2) c 0.007(12) 
Interatomic distances (Å)  
Ti–Ru (×4) 2.6299(6) 
Ru–Ga (×4) 2.6299(6) 
Ru–Ru (×4) 3.0368(7) 
Ti–Ga (×4) 3.0368(7) 
 a 
 
R F( )= Fo − Fc∑ Fo∑ . 
 b 
 
Rw Fo
2( )= w Fo2 − Fc2( )
2[ ] w∑ Fo4∑      
1/ 2
; 
 
w−1 = σ2 Fo
2( )+ Ap( )2 + Bp[ ] where 
 
p = max Fo
2,0( )+ 2Fc2[ ] 3. 
 c Ueq is defined as one-third of the trace of the orthogonalized Uij tensor. 
 Figure S1.  Powder XRD pattern for TiRu2Ga sample, showing weak superstructure reflections 
diagnostic of a Heusler structure instead of a CsCl-type structure. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure S2.  CCD frames from single-crystal diffraction data collection of TiRu2Ga.  The 
observation of weak superstructure reflections 
 
3 11  (enclosed in squares) provides evidence for 
a Heusler structure instead of a CsCl-type structure.  The relative intensities in the simulated 
powder XRD pattern cannot be directly compared with those on these images which also depend 
on the diffractometer angles. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure S3.  EDX/SEM analysis for TiRu2Ga sample: (a) Backscattered electron image of 
TiRu2Ga powder; (b) surface of TiRu2Ga crystallite, with no other phases visible on a mass 
contrast image; (c) EDX spectrum indicating the composition Ti24(2)Ru49(3)Ga27(3), in good 
agreement with the formula of a Heusler compound. 
